Fire is an integral Earth System process that interacts with climate in multiple ways. Here we assessed the parametrization of fires in the Community Land Model (CLM-CN) and improved the ability of the model to reproduce contemporary global patterns of burned areas and fire emissions. In addition to wildfires we extended CLM-CN to account for fires related to deforestation. We compared contemporary fire carbon emissions predicted by the model to satellite-based estimates in terms of magnitude and spatial extent as well as interannual and seasonal variability. Long-term trends during the 20th century were compared with historical estimates. Overall we found the best agreement between simulation and observations for the fire parametrization based on the work by Arora and Boer (2005) . We obtained substantial improvement when we explicitly considered human caused ignition and fire suppression as a function of population density. Simulated fire carbon emissions ranged between 2.0 and 2.4 Pg C/year for the period 1997-2004. Regionally the simulations had a low bias over Africa and a high bias over South America when compared to satellite-based products. The net terrestrial carbon source due to land use change for the 1990s was 1.2 Pg C/year with 11% stemming from deforestation fires. During 2000-2004 this flux decreased to 0.85 Pg C/year with a similar relative contribution from deforestation fires. Between 1900 and 1960 we predicted a slight downward trend in global Correspondence to: S. Kloster (silvia.kloster@zmaw.de) fire emissions caused by reduced fuels as a consequence of wood harvesting and also by increases in fire suppression. The model predicted an upward trend during the last three decades of the 20th century as a result of climate variations and large burning events associated with ENSOinduced drought conditions.
Introduction
Fires occur in all major biomes and influence climate in multiple ways. Fires lead to the emissions of trace gases and aerosols into the atmosphere impacting atmospheric chemistry (Crutzen et al., 1979) , atmospheric radiative properties (Penner et al., 1992) , and cloud formation (Feingold et al., 2001; Andreae et al., 2004) . In addition, fires impact land surface energy fluxes (Liu and Randerson, 2008) and influence species composition, including the balance between forest, shrub, and grass plant functional types (Bond et al., 2004; Chambers et al., 2005) . These changes in community composition, along with human and climate factors, regulate burned area and fire emissions at a regional scale . Changes in climate are expected to influence the fire regime in multiple ways, including changes in fire season length and fire intensity, but also changes in species composition, fuels, and patterns of land management. Subsequent emissions and modification of the land surface energy budget are expected to feedback in both positive and negative ways with the climate (Bowman et al., 2009 ).
Progress in understanding and monitoring fires has been made in recent years by the use of satellite observations to derive global burned area estimates Tansey et al., 2008) . Although global fire emission estimates have improved significantly with the use of satellite-based burned area products, uncertainty levels remain high at regional scales, because of incomplete information and parametrization of fuel loads, combustion completeness, and emission factors (Kasischke and Penner, 2004) . Satellite-based fire products that cover a multi-year timespan are valuable tools for evaluating the capability of fire models to simulate fires globally particularly with respect to spatial and temporal patterns of fire activity.
A few models have been developed to prognostically simulate fire distributions in global vegetation models. Thonicke et al. (2001) relate area burned and fire season length by an empirically-derived relationship. Arora and Boer (2005) introduce a process based approach by parameterizing area burned as a function of the fire spread rate. Pechony and Shindell (2009) developed a global-scale fire parametrization for fire favorable environmental conditions based on water vapor pressure deficits. Given the complexity of fires, these global-scale models are necessarily incomplete and more data will be needed in the future to constrain more mechanistic parametrizations of fire processes.
In this study we modified the global representation of fires in the biogeochemical model CLM-CN ) based on the work by Thonicke et al. (2001) and Arora and Boer (2005) . Our goal in this study was to best match the observed spatial and temporal variability of fires for the contemporary time period, and to predict how fires have changed during the 20th century.
In the deforestation process fire is often used as a tool for land clearing to accelerate the speed of conversion to agriculture . Deforestation fires contribute to contemporary fire emissions mainly in tropical regions Page et al., 2002) , but are a highly spatially variable source over the last century. In this study, we used CLM-CN with prescribed dynamic land use datasets (Hurtt et al., 2006) to explicitly account for the fraction of deforestation emissions that occurs through burning. This allowed us to compare simulated contemporary fire carbon emissions to satellite-based estimates, that capture both wildfires and deforestation fires. We also added the active role humans have in modulating wildfires either by igniting or suppressing fires (Robin et al., 2006; Stocks et al., 2003) , assuming that this can be parametrized as a function of population density.
For this study we performed offline CLM-CN simulations for 1798 to 2004 and compared simulated contemporary area burned and fire carbon emissions to satellite-based global fire products Schultz et al., 2008; Tansey et al., 2008; Mieville et al., 2010) . In addition, we performed several sensitivity studies to disentangle the impact of climate change, change in population density and land use change and wood harvest on the simulated fire carbon emissions to explain the simulated trend over the last century. Due to the limited time coverage of the re-analysis data used in this study to force CLM-CN (Qian et al., 2006) we only accounted for varying climate between 1948 and 2004, which, however, includes most of the anthropogenically derived climate change. The results presented here are the first fully consistent modeling attempt to globally estimate changes in fires driven by changes in population density, land use and climate over such a long time period.
The paper is structured as follows. Section 2 briefly describes the model used in this study. A more detailed description of the different fire algorithms used and the treatment of deforestation fires can be found in the Appendix A. Sect. 3 summarizes the simulations performed in this study and the observations used for an evaluation of the results. Results for contemporary time periods are discussed and compared to observations in Sect. 4, including comparisons with burned area and emissions on seasonal and interannual time scales. Sect. 5 evaluates the trend in fire carbon emissions as simulated for the 20th century together with a sensitivity analysis of simulated emissions to climate, population density, and land use conversion (Sect. 5.1). Sect. 6 provides a summary of the results together with concluding remarks.
Model description
All simulations in this study were performed with a modified version of the Community Land Model version 3.5 (CLM3.5; Oleson et al., 2008b; Stoeckli et al., 2008) applied with a resolution of 1.9 • ×2.5 • . The modifications of the model physics beyond CLM3.5 incorporate most of the updates of the model that will make up CLM version 4 and include revisions to the hydrology scheme (Decker and Zeng, 2009; Sakaguchi and Zeng, 2009) , a modified snow model including aerosol deposition, vertically resolved snow pack heating, a density-dependent snow cover fraction parametrization, and a revised snow burial fraction over short vegetation (Niu and Yang, 2007; Zender, 2005, 2006; Flanner et al., 2007; Wang and Zeng, 2009; Lawrence and Slater, 2009 ), a representation of the thermal and hydraulic properties of organic soil (Lawrence and Slater, 2008a) , a 20-m deep ground column (Lawrence et al., 2008b) , and an urban model (Oleson et al., 2008a) . The plant functional type (PFT) distribution is as in Lawrence and Chase (2007) except that a new cropping dataset is used (Ramankutty et al., 2008) and a grass PFT restriction has been put in place to reduce a high grass PFT bias in forested regions by replacing the herbaceous fraction with low trees rather than grass. Taken together, the augmentations to CLM3.5 result in improved soil moisture dynamics that lead to higher soil moisture variability and drier soils. Excessively wet and unvarying soil moisture was recognized as a deficiency in CLM3.5 (Oleson et al., 2008b; Decker and Zeng, 2009 ). The revised model also simulates, on average, higher snow cover, cooler soil temperatures in organic-rich soils, higher global river discharge, lower albedos over forests and grasslands, and higher transition-season albedos in snow covered regions, all of which are improvements compared to CLM3.5. Additionally, the model is extended with a carbon-nitrogen biogeochemical model (Thornton et al., 2007 Randerson et al., 2009 ) hereafter referred to as CLM-CN. CN is based on the terrestrial biogeochemistry Biome-BGC model with prognostic carbon and nitrogen cycle (Thornton et al., 2002; Thornton and Rosenbloom, 2005) . CLM-CN dynamically accounts for carbon and nitrogen state variables and fluxes in vegetation, litter, and soil organic matter. It retains the prognostic estimation of water and energy in the vegetation-snow-soil column from CLM. Detailed description of the biogeochemical component of CLM-CN can be found in Thornton et al. (2007) .
The original version of CLM-CN includes a prognostic treatment of fires based on the fire algorithm by Thonicke et al. (2001) (CLM-CN-T), which was originally developed for the LPJ (Lund-Potsdam-Jena) model (Sitch et al., 2003) . In this study we modified the representation of wildland fires in CLM-CN by a fire algorithm based on the work by Arora and Boer (2005) (CLM-CN-AB), which was developed within the Canadian Terrestrial Ecosystem Model (CTEM) framework (Verseghy et al., 1993) .
In both the Thonicke et al. (2001) and Arora and Boer (2005) algorithms, the first step is to estimate burned area using information about climate and fuel loads. Then fire carbon fluxes to the atmosphere (E) are related to combustion and mortality following:
with A representing the area burned, C the carbon pool sizes for the different fuel types considered in CLM-CN, "cc" the combustion completeness, and "mort" the mortality factor. "cc" and "mort" were different for each plant functional types (PFTs) within CLM-CN. While Thonicke et al. (2001) use an empirical relationship relating fire season length and burned area, Arora and Boer (2005) introduce a process based fire parametrization simulating area burned as a function of fire spread rate. Both algorithms differ in their assumptions made for combustion completeness and mortality factors. The implementation of the two fire algorithms into CLM-CN is described in detail in Appendix A. We modified the dynamic land cover treatment in CLM-CN to account for deforestation fires in relation to fire probabilities simulated in the individual fire algorithms (details can be found in the Appendix A5). We further extended the CLM-CN-AB version by an explicit treatment of human ignition following Venesky et al. (2002) , for which the probability of human ignition increases with population density. For fire suppression we also assumed a population density dependency, with the highest fire suppression rate (90%) in densely populated areas (more information is provided in Appendix A4).
Simulations and observations
We performed a series of simulations to test the performance of the two fire algorithms Arora and Boer, 2005) implemented in CLM-CN in combination with several sensitivity simulations to disentangle the importance of the individual forcing factors (climate, population density, land use change and wood harvest). All simulations were offline simulations in which CLM-CN was forced by a prescribed data set of atmospheric fluxes and states. Table 1 summarizes the simulations performed for this study.
All transient simulations branched from control simulations (205 years) using CLM-CN with the Thonicke et al. (2001) fire algorithm (C-T) or with the Arora and Boer (2005) fire algorithm (C-AB, C-AB-HI, C-AB-HI-FS). For the control simulations each version of the model was allowed to reach steady state with respect to the prescribed forcing data. For our implementation of the Arora and Boer (2005) algorithm we assumed a constant human ignition probability as done in the original Arora and Boer (2005) publication (C-AB). Alternatively we performed simulations in which the human ignition probability was made a function of population density (C-AB-HI) and where both human ignition and suppression were included (C-AB-HI-FS). Appendix A4 describes in detail how we parametrized human ignition and fire suppression as a function of population density. In all control simulations atmospheric CO 2 concentration, nitrogen deposition and land cover (Hurtt et al., 2006) were set to pre-industrial values. As climate forcing a repeating cycle of the first 25 years of National Centers for Environmental Prediction/National Center for Atmospheric Research (NCEP/NCAR) reanalysis data (Qian et al., 2006) was used. The simulations that took into account human ignition and fire suppression as a function of population density (C-AB-HI and C-AB-HI-FS) used population density data representative for the year 1850 throughout the simulation period (Klein Goldewijk, 2001 ). The nitrogen deposition used in these simulations had a high global total (25%) compared to previous studies (Lamarque et al., 2005) . Sensitivity studies with nitrogen depositions following Lamarque et al. (2005) , that will be the standard field used in future CLM-CN simulations, showed changes in fire carbon emissions by less than 2% for the global total and only a few regions showed higher deviations with maximum levels not exceeding 10%.
Starting from the control simulations we conducted correspondent transient simulations (T-FULL, AB-FULL, AB-HI, AB-HI-FS) from 1798 to 2004 with transient time-varying atmospheric CO 2 concentrations, population density, nitrogen deposition, land use change and wood harvest and cyclic 1948 -1972 NCEP/NCAR forcing until 1972 . From 1973 onwards NCEP/NCAR forcing was used corresponding to the model simulation year as done in Randerson et al. (2009) . In addition to the transient simulations that were driven with the full set of transient forcings we performed a series of sensitivity simulations in which individual forcing factors were kept constant at their pre-industrial values. These included the simulation AB-LUC in which land use and wood harvest were held constant at the 1850 level and AB-CLIM in which the NCEP/NCAR forcing consisted of the 25 year repeat cycle throughout the simulation period. Two more sensitivity simulations were conducted for the case in which human ignition (AB-HI-PI) and human ignition and fire suppression (AB-HI-FS-PI) were taken into account as a function of population density using constant population density data representative for the year 1850.
To evaluate the simulated burned area and fire carbon emissions we used satellite-based fire products for the contemporary period. The simulated trend over the 20th century was compared with long-term time series derived from historical records.
In recent years a number of global satellite derived burned area products have been developed, including GLOB-SCAR (Simon et al., 2004) , Global Burned Area 2000 (GBA2000, Gregoire et al., 2002) , GlobCarbon (Plummer et al., 2006) , MODIS Collection 5 (Roy et al., 2008) , L3JRC (Tansey et al., 2008) , and the Global Fire Emission Database (GFEDv2, Giglio et al. (2006) ). In this study we compared our results to the publicly available satellite-based estimates reported in GFEDv2 , the recently published L3JRC product (Tansey et al., 2008) , and GICC estimates (Mieville et al., 2010) spanning multi-year time periods.
GFEDv2 reports area burned along with fire carbon emissions on a monthly basis with 1 • by 1 • resolution for the time period 1997-2004. Area burned estimates are derived for 2001 to 2004 from MODIS active fire observations and were extended back through 1997 using ATSR and VIRS satellite data . The area burned estimates are embedded into a global biogeochemical model (CASA, Carnegie-Ames-Stanford Approach). Direct fire carbon emissions are calculated using an approach similar T-FULL (1997 T-FULL ( -2004 AB- HI-FS (1997 ) GFEDv2 (1997 (Tansey et al., 2008) . The model simulations are averaged over the corresponding observational periods (GFEDv2: 1997 (GFEDv2: -2004 L3JRC: 2001 L3JRC: -2004 . Regional values for all simulations performed are given in Fig. 2 .
to the fire algorithms used in this study: as product of area burned, available biomass, fire induced mortality, and a combustion completeness factor. L3JRC reports area burned with a resolution of 1 km for April 2000 to April 2007 on a daily basis using SPOT VEGETATION reflectance data in combination with a modified version of GBA2000 algorithm. Burned areas were evaluated for selected regions with Landsat TM scenes revealing a significant underestimation of burned area in regions with low vegetation cover. GICC reports fire emissions on an annual basis for the period 1997-2005 based on satellite products (GBA2000 burned areas, ATSR fire counts), and on the Global Land Cover (GLC) 2000 vegetation map. Emissions are first estimated for year 2000 from GBA2000 burned areas as product of burned areas, biomass densities, burning efficiencies, and emission factors. ATSR fire counts are then used to derive temporal and spatial distribution of fire emissions from the GBA2000 emissions for the period 1997-2004. Large discrepancies remain between the different satellitebased products (Boschetti et al., 2004; Roy and Boschetti, 2009; Chang and Song, 2009; Giglio et al., 2010) . Thus, while we compared our results to the best available observations, there remains a large uncertainty in any fire model evaluation, because of the large uncertainty in the observations.
Long-term observations on fire activity are very sparse . Schultz et al. (2008) developed for the RETRO project a fire emission inventory for the period 1960 to 2000 based on different satellite products, a semiphysical fire model and an extensive literature review. We used this product for an evaluation of the mean state, interannual variability, and the trend between 1960 and 2000. Mouillot et al. (2006) constructed a yearly global burned area product for the 20th century based on published data, land use practices, qualitative reports and local studies, such as tree ring analyses. Mieville et al. (2010) used these trends to derive decadal mean fire emissions by calculating the product of burned areas, biomass densities, burning efficiencies, and emission factors scaled to the contemporary GICC estimates. In the following sections we refer to this product as GICChist.
Fires during the satellite era

Annual area burned and carbon emissions
We compared global distribution of simulated annual area burned for the simulations T-FULL and AB-HI-FS to estimates given in the L3JRC (Tansey et al., 2008) and GFEDv2 fire products (Fig. 1) . In general the model simulations were able to capture broad spatial patterns across continents. (Tansey et al., 2008) . The model simulations were averaged over the corresponding observational period (1997-2004, 2001-2004, respectively) . The number in brackets denote spatial correlation coefficients between simulations and satellite-based fire products. Regions are defined in Fig. fig:regionsA3 . , 2006) and L3JRC (Tansey et al., 2008) . The model simulations were averaged over the corresponding observational period (1997-2004, 2001-2004, respectively) . The number in brackets denote spatial correlation coefficients between simulations and satellite-based fire products. Regions are defined in Fig. A3 .
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and 321 Mha compared to a mean of 401 Mha from L3JRC. Thus, the global annual model estimates were below or near the lower end of the range of the two satellite derived estimates. Regional averages suggested a large sensitivity of the modeled results to the fire parameterizations used (Fig. 2) . Because of the large interannual variability in regional area burned, we show regional averages for the appropriate time periods for each of the satellite derived products. Figure A3 defines the regions used for this analysis.
The highest annual area burned occured in Africa, accounting for between 33 and 40% of the global total. South America, the second most important region, accounted for between 16 to 27% of the global total. L3JRC and GFEDv2 estimates show diverging patterns for these two regions.
For Africa, Table 2 compares annual area burned estimates and carbon emissions from Northern and Southern Hemisphere Africa as reported in GFEDv2 and L3JRC averaged over the time period [2001] [2002] [2003] [2004] . While L3JRC reports the largest annual area burned in Southern Hemisphere Africa, GFEDv2 shows highest values for Northern Hemisphere Africa. A validation of MODIS, L3JRC and GlobCarbon burned-area products for Southern Hemisphere Africa using independent LANDSAT data revealed a particularly strong underestimation in area burned for the L3JRC product (Roy and Boschetti, 2009 ) as already noted by Tansey et al. (2008) . Lehsten et al. (2009) adjust for this underestimation in the L3JRC product for Africa by assuming that the tree and shrub cover classes are underestimated by 48 and 25%, respectively, resulting in a burned area that is approximately T-FULL (1960 T-FULL ( -2000 2.2 PgC/yr AB- HI-FS (1960 1.7 PgC/yr RETRO (1960 RETRO ( -2000 2.0 PgC/yr 3 Mha based on GBA2000 and ATSR fire count data. GLOBSCAR and GBA2000 estimates are 13.8 and 11.9 Mha for South America (Kasischke and Penner, 2004 ).
There were discrepancies between the model and satellite observations in other regions, but the large differences between the satellite-based estimates precluded an effective model evaluation in these regions. For example the model estimates for temperate North America were between 15 and 21 Mha area burned, compared with GFEDv2 estimates of 2.5 Mha and L3JRC estimates of 20 Mha. For Canada the model mean estimates ranged between 1 and 4 Mha for the 1959 to 1997 period. This was generally consistent with the mean burned area of 1.8 Mha reported in the large fire database (LFDB, Stocks et al., 2003) . The model estimated burned area in boreal Asia between 1.5 and 6.6 Mha, while the satellite-based observations are higher but with large uncertainty levels (GFEDv2: 9.0 Mha, L3JRC: 42.1 Mha). Estimates reported in the literature for Russia, in which about two thirds of the world's boreal forests lie, range between 5.3 and 13.1 Mha (Soja et al., 2004 , and references therein). Chang and Song (2009) found that the L3JRC product significantly overestimates the burned area in the northern high latitudes when compared with ground-based measurements and other satellite data. They related this overestimation to excessive detection of burned area during the period outside the fire season.
Of all the simulations, T-FULL produced the smallest annual area burned globally. A higher annual area burned was simulated in the AB-FULL simulation. The best spatial correlation between simulation and GFEDv2 as well as L3JRC was found for the AB-HI-FS simulation (0.52 and 0.53, respectively). Taking into account human ignition and fire suppression explicitly as a function of population density (AB-HI-FS), improved the simulated annual area burned over densely populated regions such as India, Europe and the East coast of the USA in comparison to GFEDv2 and L3JRC. When only human ignition was considered (AB-HI) the spatial correlation coefficient was lower (0.33 and 0.34, respectively). The impact of fire suppression and human ignition on the simulated burned area will be further discussed in Sect. 5.1.2.
Next we assessed the modeled fire emissions against available observations. The global distribution of simulated annual fire carbon emissions had a similar spatial pattern as estimates from GFEDv2 (van der , GICC (Mieville et al., 2010) and RETRO (Schultz et al., 2008) , although discrepancies are visible in several regions (Fig. 3) .
The simulated global (wildfire and deforestation) fire carbon emissions were between 2.0 and 2.4 Pg C/year for the period 1997-2004. For the same period GFEDv2 and GICC report 2.3 and 2.7 Pg C/year, respectively. For the period 1960 to 2000 fire emissions from RETRO are 2.0 Pg C/year. During the same period, the simulations ranged between 1.7-2.2 Pg C/year. This suggests that the models yielded reasonable global estimates of carbon emissions over this time period. Similar to the area burned, the best spatial correlation between simulated fire carbon emissions and fire products was found for the AB-HI-FS simulation (Fig. 4) .
While we found a large range of annual burned area in our different simulations, the total global carbon emissions were relatively similar. This non-linear relationship between burned area and fire carbon emissions was partly explained by different aboveground vegetation pools in steady state for the different simulations (Table 3) . The different annual burned area simulated with the various model configurations had a large effect on the modeled carbon stock at steady state. A simulation with high annual area burned (e.g. AB-FULL) had relatively low aboveground biomass carbon pools at steady state and thus lower fuel loads and carbon emissions per unit area burned. In contrast, a simulation with a low annual area burned (e.g. T-FULL) had relatively high aboveground biomass carbon pools at steady state and thus high rates of fire emissions per unit of burned area. In addition, different assumptions about fire-induced mortality and combustion completeness in the two different fire algorithms applied here (see Appendix A3) led to different levels of fuel consumption. Also, different distributions of burned area contribute to different levels of global emissions because of the decoupling of burned area and emissions that occurs at a global scale . Similar to the simulated area burned, modeled fire carbon emissions were too low over the African continent (738 to 1099 Tg C/year; GFED: 1190 Tg C/year, GICC: 1256 Tg C/year) and too high over South America (711 to 908 Tg C/year, GFED: 326 Tg C/year, GICC: 502 Tg C/year). For Africa Table 2 The ratio between annual fire carbon emissions and area burned is 7.2 Tg C/Mha (NHAF) and 4.5 Tg C/Mha (SHAF) for GFEDv2, which is higher than in Lehsten et al. (2009) (4.1 and 3.2 Tg C/Mha, respectively). CLM-CN simulations had significantly higher ratios. As a result, the simulated fire carbon emissions were comparable or even exceeded the Lehsten et al. (2009) values, even though the annual area burned was simulated significantly lower.
Deforestation fires were between 141 (AB-FULL) and 204 (T-FULL) Tg C/year, or approximately 6-9% of global fire emissions, during the 1990s. This was about 34-42% of the total conversion flux related to land use change. In our model the importance of fire in the conversion process depended on climate-sensitive fire probabilities defined in Appendix A5. As a consequence, larger contributions were simulated in regions with relatively high fire probabilities such as Northern Hemisphere Africa (∼70%) and lower contributions were simulated in regions with relatively low fire probabilities such as Europe (∼30%). (Mieville et al., 2010) , and RETRO (Schultz et al., 2008) . The model simulations are averaged over the corresponding observational period (1997-2004 or 1960-2000, respectively) . The number in brackets denote global spatial correlation coefficients between simulations and fire products (for the upper panel the first numbers refers to GFEDv2 and the second to GICC). Regions are defined in Fig. fig:regionsA3 . (Mieville et al., 2010) , and RETRO (Schultz et al., 2008) . The model simulations are averaged over the corresponding observational period (1997-2004 or 1960-2000, respectively) . The number in brackets denote global spatial correlation coefficients between simulations and fire products (for the upper panel the first numbers refers to GFEDv2 and the second to GICC). Regions are defined in (Mieville et al., 2010) . Correlation coefficients for the interannual variability for different regions are given in Table 4. 54 GICC (Mieville et al., 2010) . Correlation coefficients for the interannual variability for different regions are given in Table 4 . Figure 5 shows the interannual variability in total (wildfire and deforestation) fire carbon emissions as simulated between 1997 and 2004 compared to estimates reported by GFEDv2 and GICC (Mieville et al., 2010) for selected world regions, that are characterized by a high interannual variability (Table 4) . Correlations between simulations and GFEDv2 and GICC for all world regions are listed in Table 4 . Considerable interannual variation was observed in regions influenced by ENSO. Here the simulations captured the enhanced burned area and fire carbon emissions associated with El Niño induced drought conditions. For example for equatorial Asia enhanced fire carbon emissions were simulated in 1997 and to a lesser extent in 2002 in accordance with GFEDv2 and GICC estimates (with correlations of 0.95-1.00). Another peak in emissions occurred in 1982/1983 which was consistent with observations (Goldammer and Seibert, 1990; Schultz et al., 2008 , data not shown). In Central America fire carbon emissions were highest during 1998 due to ENSO-induced drought that resulted in catastrophic burning events in the tropical forest of Southern Mexico and Central America from April to June 1998 (Kreidenweis et al., 2001 ). The models did a poorer job in reproducing the variability in boreal regions. For example, the models predicted higher than average emissions in boreal North America during 1998, matching observations (Kasischke and Bruhwiler, 2003) , but missed the large burning event in 2004.
Interannual and seasonal variability
The simulation T-FULL underestimated interannual variability and had a lower correlation with GFEDv2 as well as GICC in many regions, including boreal North America, boreal Asia and Europe. Better results were obtained with the Arora and Boer (2005) based algorithm (simulations AB-FULL, AB-HI, and AB-HI-FS). The explicit treatment of human ignition and fire suppression had only a small impact on the interannual variability between 1997 and 2004, which was mainly controled by interannual changes in soil moisture levels.
The timing of maximum monthly total (wildfire and deforestation) fire carbon emissions is shown in Fig. 6 compared to values reported in GFEDv2 , GICC (Mieville et al., 2010) and RETRO (Schultz et al., 2008) . The simulated peaks in monthly mean total carbon emissions occurred in the northern high latitude regions in July and August in agreement with the satellite-based fire products. For the western US the model using the Arora and Boer (2005) algorithm had highest emissions during July and August. This was consistent with results based on a comprehensive data compilation of observed burned area (Westerling et al., 2003) . In contrast, peak emissions occured later in the year (during September and October) when we used the Thonicke et al. (2001) fire algorithm. For Central America and Southeast Asia the simulations had maximum monthly values around March-April which also corresponded to the satellite-based fire products. For the African continent, emissions from high fire regions of the Northern Hemisphere (0-10 • N) had a maximum in February-March. Here GFEDv2 and RETRO show an earlier peak around December-January, whereas the ATSR-based GICC product peaks mainly around February. An analysis of the individual driving factors used in the Arora and Boer (2005) algorithm (moisture, biomass and ignition probability) revealed that the seasonality in the simulated fire carbon emissions was largely controlled by the moisture probability (P m , see also Eq. A7, not shown).
20th century trends of fire carbon emissions
We performed a set of sensitivity experiments to disentangle the importance of individual external forcing factors: climate, population density, land use change, and wood harvest. Before we present the long-term trends in Sect. 5.2 a more detailed analysis of the sensitivity experiments is given in the following Sect. 5.1.
Sensitivity to external forcing
The sensitivity studies were solely performed with CLM-CN using the fire algorithm based on Arora and Boer (2005) , because this version of the model had the best agreement with contemporary satellite-based burned area estimates. The fire-carbon system in the model was highly non-linear and therefore the individual sensitivities we present here are not additive. Also, we did not perform sensitivity experiments to evaluate the impact of changing CO 2 concentration or nitrogen deposition on fire carbon emissions.
Climate
To demonstrate the sensitivity of simulated burned area and total (wildfire and deforestation) fire carbon emissions to changes in climate we performed one simulation (AB-CLIM) in which CLM-CN was forced for the years 1973-2004 with the NCEP-NCAR 25 year repeat cycle . This simulation served as a control simulation for the AB-FULL simulation, which was forced from 1973 onwards with NCEP-NCAR reanalysis data from 1973 to 2004. Figure 7 shows the simulated differences averaged over the period 1973-1997 in annual burned area and fire emissions together with the changes in the driving factors, precipitation and temperature, as well as with the biomass probability and moisture probability as used in the Arora and Boer (2005) fire algorithm (P b and P m , see Eqs. A6 and A7, respectively). Land surface temperatures averaged over 1973-1997 were higher than the 1948-1972 mean in most regions. The global annual mean land surface temperature increased by 0.3 • C. Precipitation changes were much more heterogeneous, with large decreases in precipitation over Central Africa and Southeast Asia and increases over the USA and parts of South America. Annual burned area responded to the changes in climate with the largest increase occurring over Central Africa and parts of Southern Europe and decreases occurring in South America, temperate North America and Southeast Asia. Global annual mean burned area increased by 4 Mha (∼2%), and total fire carbon emissions by less than 1%. Changes in emissions were similar to the area burned response pattern. Annual burned area increased over Central Africa and Southern Europe as a direct response to decreases in precipitation and an enhanced probability of burning based on fuel moisture levels. Increases in soil moisture led to a decrease in the burned area in South America and in the eastern US. However, small regions along the US West Coast had a higher annual burned area despite increases in soil moisture. This increase in burned area was explained by an increase in biomass available for burning.
Population density
Besides lightning, humans constitute an important ignition source (Robin et al., 2006) , but also actively suppress fires in more densely populated areas in which high property values are typically at risk (Stocks et al., 2003; Theobald and Romme, 2007) . Human ignition as well as active fire suppression largely depend on cultural, economic, and other factors. The dynamics of these interactions with respect to wildland fire are difficult to quantify and predict at regional to global scales (Bowman et al., 2009; Guyette et al., 2002) . In this study we made an attempt to parametrize the human ignition and fire suppression probabilities as a function of population density. Details on our approach can be found in the Appendix A4. Figure 8a shows the difference in total (wildfire and deforestation) fire carbon emissions caused by changing population density from 1850 onwards together with the population density (Fig. 8b) for important source regions (Africa, South America, equatorial Asia) and globally. When we did not account for fire suppression, increases in population density caused an increase in global fire emissions by approximately 30% in the 1990s. All world regions showed an increase, which was most pronounced in Southern Hemisphere South America (100%) and equatorial Asia (70%). Little impact was observed for Europe (8%) or boreal Asia (5%).
In contrast, including fire suppression caused almost no change in global fire emissions, but did change regional distributions. Regions such as Europe, Central Asia, Southeast Asia and Middle East had strong decreases in fire emissions (−30, −31, −40, −23% in the 1990s, respectively) as a result of increasing urbanization and our assumption of stronger fire suppression efforts in densely populated areas. In other regions with lower population densities, increases in population increased the probability of ignitions and fire carbon emissions, including, for example in Southern Hemisphere South America, boreal North America and Australia (+15, +10, +20% in the 1990s, respectively). Overall this led to a better agreement between the spatial pattern of emissions in the model and the satellite-based fire products as compared to the simulations that assumed a constant human ignition probability (AB-FULL) or only accounted for human ignition as a function of population density and not fire suppression (AB-HI), as discussed in Sect. 4.1 and Fig. 4 . 
T-FULL AB-HI-FS
Land use change and wood harvest
Land use change and wood harvest impact fire carbon emissions by introducing a fire source (deforestation fires, which are frequently used to eliminate biomass in preparation for agricultural use) and by removing biomass available for burning. Thus, the net effect of land use activities can increase or decrease fire emissions. The globally averaged trends in fire emissions from deforestation showed a large increase over the 20th century (Fig. 9) . During the 1990s, the regions that contributed the most to deforestation fire emissions were Asia, Africa and South America. Maximum deforestation fires for the 20th century occurred in the model during the 1950s and were driven by large land cover changes globally. At the beginning of the 20th century North America, Asia, and Europe were the main contributors to the global deforestation fire flux and Africa and South America were only of minor importance.
Globally the deforestation fire carbon loss in the 1990s was 141 Tg C/year. However, adding in deforestation and wood harvest reduced the carbon loss from wildfires by 433 Tg C/year (−16%, Fig. 8c ). This decrease can be explained by a globally reduced aboveground biomass pool caused by land use change and wood harvest. Global total (wildfire and deforestation) fire emissions were consequently reduced by 292 Tg C/year (−11%, Fig. 8c) .
Regionally, the reduction in total carbon fire emissions was strongest in boreal North America (−21% in the 1960s), temperate North America (−30% in the 1980s), Europe (−25% in the 1990s) and Southeast Asia (−25% in the 1990s). A few regions and time periods had significantly enhanced total fire carbon emissions, i.e. deforestation fire carbon emissions more than compensated for any decreases in wildfire emissions caused by reduced biomass availability. These regions include: boreal North America (1850s to 1920s: 11-44%), temperate North America (1850s to 1890s: 6-15%), Europe (1850s to 1910: 4-11%), boreal Asia (1850s to 1990s: 8-100%), central East Asia (1850s to 1980s: 2-27%) and equatorial Asia (1990s: 13%).
Land use change and wood harvest overall led to a 24 Pg C reduction in carbon emitted by wildfires between 1850 and 2000, which was partly compensated by deforestation fire carbon emissions of 14 Pg C. Wood harvest accumulated 75 Pg C within the same time period, with this carbon ultimately redistributed in wood and paper products. 21 Pg C were gained by the wood and paper product pools through land use change and 42 Pg C were lost to the atmosphere by direct conversion.
Overall land use change activities caused a net terrestrial carbon source of 1.2 Pg C/year in the 1990s. This flux is in the range of current estimates ranging between −0.6 Pg C/year and 1.8 Pg C/year (Ito et al., 2008) and similar to a recent estimate of 1.1 to 1.3 Pg C/year by Shevliakova et al. (2009 ). During 2000 this source decreased to 0.85 Pg C/year. Deforestation fires contributed to approximately 11% of this net carbon source. observations back in time (GICChist). Mouillot et al. (2006) note that for the fire history of the 20th century the underlying data source is too sparse to support a reconstruction with high quantitative accuracy and thus they recommend using their time series to identify large-scale trends and patterns.
Trends in carbon emissions
Here we compared our simulated values against GICChist normalized to the mean state 1900-2000 in Fig. 10 , which also summarizes the results from the sensitivity experiments as percentage changes in decadal mean emissions caused by the individual forcing factors (as described in Sect. 5.1). The trend analysis of our simulation for the 20th century was limited as we only forced the model with reanalysis data corresponding to the 1948-2004 period (before 1948 the model was forced with a repeating set of 25 years of NCEP/NCAR reanalysis from . Changes in total fire carbon emissions before 1948 were therefore only driven by changes in the external forcing factors: population density, atmospheric CO 2 concentration, nitrogen deposition, land use change, and wood harvest. During 1948-2004 the simulated trends were caused by the full set of external forcings including climate.
Globally we found a slight downward trend from 1900 to 1960 in agreement with GICChist, except for the simulation that assumed that human ignition increases with population density, which led to a moderate upward trend. The last three decades for all simulations were characterized by an upward trend caused by climate variations and large burning events in 1997-1998 associated with ENSO-induced drought.
GICChist shows a decreasing trend over the 20th century in boreal regions and an exponential increase in tropical forests, which the authors relate to more stringent fire suppression policies in boreal regions and the use of fire in deforestation in the tropical regions, respectively. Near the end of the 20th century, they find some evidence of an increase in burned area within temperate forests.
Our simulated trend was consistent with these findings for the boreal zone of North America, although our simulated increase started slightly later. In particular, land use change led to deforestation fires between 1900 and 1925 and an increase in total fire carbon emissions. Between 1950 Between -1975 , however, sustained levels of wood harvesting caused a reduction in available biomass and a corresponding decrease in total fire carbon emissions. The magnitude of the simulated decrease between 1950 and 1975 was much smaller than the one reported in GICChist. A subsequent increase in the modeled carbon emissions from 1975 to 2000 was mainly related to a combination of land use change activities and climate warming. In contrast with the AB simulations fire emissions from T-FULL did not change substantially in the boreal regions during the 20th century.
For South America GICChist shows an increase throughout the 20th century, which is most pronounced in the last three decades. The simulations rather showed a large decadal variability in fire carbon emissions, due to variations in the 25 year cyclic climate forcing through the 1960s, followed by a sharp decrease caused by enhanced precipitation rates in the 1970s. After the 1970s fire emissions returned to high values.
For Europe our simulations were in qualitative agreement with GICChist, but the simulated trends were smaller. The best agreement was achieved by the inclusion of fire suppression. In contrast, in Southeast Asia the inclusion of fire suppression caused a pronounced decrease in simulated total fire carbon emissions throughout the 20th century, which is not observed in GICChist.
Africa had a pronounced upward trend in total fire carbon emissions for the last decades in the 20th century in the simulations as well as in the trend reported by GICChist. In the simulations this trend can be explained by a change in climate leading to drier conditions over Northern Hemisphere Africa at the end of the 20th century.
These results are in contrast to those reported by Ito and Penner (2005) . Ito and Penner (2005) (Stern and Kaufmann, 1996) . As a result of increasing deforestation rates (Houghton et al., 1983) open vegetation burning increases between 1870 and 2000 in the Ito and Penner (2005) estimates. This is in contrast to our simulated decreasing trend in global fire carbon emissions between the 1900s and 1960s caused by strong wood harvesting rates and decreases in biomass available for burning. Marlon et al. (2008) compiled sedimentary charcoal records over the last two millennia. Their analysis shows a long-term downward trend in biomass burning between 1-1750 followed by a sharp increase from 1750 to the late 19th century and a decrease from the late 19th to mid-to-late 20th century on the global scale. They hypothesize that the long-term downward trend following 1870 can be explained by land use change and wood harvest, which they argue results in landscape fragmentation and generally less flammable landscapes in many regions. This is qualitatively consistent with our results. Schultz et al. (2008) utilize different satellite products for contemporary fire carbon emissions estimates and an extensive literature review in combination with a numerical fire model to scale these back in time for the time period 1960-2000. In Fig. 11 we compare annual total carbon emissions from our simulations to these values. The comparison showed in general a reasonable agreement. Our simulations had a moderate upward trend in total fire carbon emissions between 1970-2000, which was in broad agreement with the RETRO time series and was mainly caused by large burning events in 1982-1983 and 1997-1998 associated with the ENSO-induced drought conditions. From 1960 to 1970 the simulations had a downward trend, whereas RETRO shows almost no trend. The simulated trends were driven mainly by changes in climate. Other external forcings such as population density, land use change and wood harvest impacted only slightly the total carbon emissions between 1960 and 2000 (cf. Fig. 8 ). Our simulations were qualitatively consistent with the findings from Duncan et al. (2003) an upward trend in fire emissions between 1979 and 2000, related to large burning events in 1997-1998. The Duncan et al. (2003) estimates are based on ATSR and AVHRR for seasonal variations and TOMS aerosol index as a surrogate for interannual variability.
Discussion and conclusions
In this study we improved the representation of fire processes within the Community Land Model (CLM-CN, Thornton et al., 2007) and simulated carbon emissions from fires during the 20th century. CLM-CN originally included a prognostic treatment of fires based on the work by Thonicke et al. (2001) . Here we developed a new fire algorithm based on the work by Arora and Boer (2005) . Our goal was to reproduce contemporary observed burned areas and fire carbon emissions. For this purpose we extended the model by an explicit treatment of the human ignition and fire suppression as a function of population density. In addition, we introduced a parametrization of deforestation fire carbon emissions making use of land use change transition scenarios (Hurtt et al., 2006) . We performed several sensitivity experiments to separate the effects of external driving factors (population density, land use change and wood harvest, and climate) on fire emissions over the last century. The results of this study provide a self-consistent emissions dataset for fire emissions of carbon dioxide, reactive gases and aerosols for the 20th century (not discussed here), which can be used in future in chemical transport and climate modeling studies.
Our model was able to capture much of the observed mean and variability in burned area and carbon emissions. Simulated global annual total fire carbon emissions ranged between 2.0 and 2.4 Pg C/year for the time period 1997 to 2004 and were within the uncertainty of satellite-based estimates. For the most part the model captured the observed patterns of fires, but we consistently overestimated annual area burned and emissions for South America and underestimated these quantities for Africa when we compared our simulations to a range of observations. This mismatch could be the result of several factors including an overestimation of the live aboveground biomass in the Amazon basin in CLM-CN ). On interannual timescales we found a reasonably good agreement between simulated fire emissions and satellite-based results. All simulations captured the large interannual variability associated with El-Niño-induced drought conditions in equatorial Asia. Our model was able to predict the timing of peak emissions in many parts of the world. However, for Central Africa our simulations tended to simulate the timing of maximum monthly emissions during February/March, lagging the observations by one to two months. The Arora and Boer (2005) fire algorithm extended by a parametrization of human ignition and fire suppression provided the best agreement with the observations in term of spatial pattern, interannual and seasonal variability and longterm trends during the 20th century.
To improve the fire model, and generally our understanding of fires in the Earth System, we require improved data on a global scale. Large discrepancies remain between the different satellite sensor products (Boschetti et al., 2004; Roy and Boschetti, 2009; Chang and Song, 2009; Giglio et al., 2010) , which hampers prognostic model validation in many regions. Improved satellite fire products that include uncertainty ranges would facilitate development of improved global prognostic fire algorithms. Also, estimates of deforestation fire carbon emissions are associated with large uncertainties. In our model they depend strongly on the assumptions made in the underlying land use change scenario, wood harvesting rates and the apportionment of carbon affected by land use change into product and conversion pools. In addition, the breakdown of the conversion flux into fire and non-fire related carbon emissions using ratios that solely depend on the moisture driven fire probability, as done in this study, does not account for cultural and socio-economic factors that often control deforestation fire emissions Geist, 2001) . Satellite-based estimates on forest clearing (Hansen et al., 2008) combined with satellite-based fire products should improve our understanding of deforestation fires in the future and will help to further improve the deforestation fire parametrization introduced in this study. In addition, there are many important processes related to fires that are not included in the fire algorithms used in this study such as maintenance fires (van der Werf et al., 2009), seasonal changes in combustion factors due to varying fuel moisture and litter amounts (Hoffa et al., 1999) , and peat fires (Page et al., 2002) . Also, a more detailed analysis of the relationship between population distribution and human ignition and fire suppression is an important task to reduce uncertainties in the modeling of fires.
Using our improved model we predicted the following patterns of fire emissions during the 20th century:
-The simulations had a small global downward trend in decadal mean fire carbon emissions between 1900 and 1960 (∼−5%). This downward trend in many regions was explained by land use change and wood harvest and an associated decrease in available biomass.
-The last three decades in the 20th century were dominated by an upward trend in global total fire carbon emissions (∼+30%) caused by climate variations and large burning events associated with ENSO-induced drought conditions.
-Land use change activities between 1850 and 2000 released 14 Pg C from deforestation fires, but reduced carbon emissions from wildfires by 24 Pg C. Thus, total (wildfire and deforestation) fire carbon emissions were reduced by 10 Pg C (−3%).
-The net flux of carbon to the atmosphere due to land use activities was simulated as 1.2 Pg C/year for 1990-1999 (similar to previous estimates in Ito et al., 2008; Shevliakova et al., 2009 this source decreased to 0.85 Pg C/year.
-Deforestation fires contributed to about 6-9% of the total global fire carbon emissions during 1990-1999. The largest contribution from these fires (8-15%) occurred during the 1950s due to strong land use change activities globally.
Our 20th century trends were broadly consistent with estimates based on sedimentary charcoal records and historical estimates based on published data, land use practices, qualitative reports and tree ring analysis (Mouillot et al., 2006) . However, discrepancies remain on regional scales and further work is required to resolve these differences.
Although the model was limited in the processes considered and simplified in many aspects, it captured reasonably well the global distribution and interannual variability. The model can be introduced into an Earth System model. This will be an important step towards quantifying the role of fire in climate-carbon feedbacks.
Appendix A Fire algorithms in CLM-CN
Two fire algorithms were implemented into CLM-CN based on the work by Thonicke et al. (2001) and Arora and Boer (2005) . The fire algorithms have common elements, including that they first estimate the area burned and then carbon fluxes related to combustion and mortality. While Thonicke et al. (2001) uses an empirical relationship relating fire season length and burned area, Arora and Boer (2005) introduces a process based fire parametrization. Both algorithms and their implementation into CLM-CN are described more in detail in the following sections.
A1 Fire algorithm based on Thonicke et al. (2001)
The fire algorithm developed for the LPJ model (Sitch et al., 2003) was modified by Thornton et al. (2007) to translate from the original annual time step to the sub-daily time step used for carbon and nitrogen calculations in CLM-CN. The algorithm assumes that fire occurrence is solely a function of fuel-availability and inferred fuel moisture conditions. Ignition sources are assumed to be ubiquitous and uniform. Details on the assumptions made can be found in Thonicke et al. (2001) . Here we report how the algorithm was implemented into CLM-CN.
A1.1 Fire probability
A minimum of 100 g C/m 2 of dead fuel is required for fire occurrence. The dead fuel density in CLM-CN is the sum of the litter and coarse woody debris pool. In order to allow fire occurrence and fire spread the fuel moisture also has to be below a certain threshold (moisture of extinction, m e ). The moisture of extinction is assumed to be 0.3 for woody biomass and 0.2 for herbaceous biomass. As a substitute for fuel moisture, which is not simulated in CLM-CN, the soil moisture (m) as a fraction of the plant-available volumetric water content of the top 5 cm of the soil column is used similar to Thonicke et al. (2001) . In addition to fuel availability and fuel moisture constraints, fire occurrence is controlled by surface temperatures, which have to be above freezing.
The probability of fire occurrence at least once a day is given as:
if fuel density > 100 g C/m 2 , m < m e , and T > 273.15 K, 0 otherwise.
(A1)
A1.2 Area burned
In Thonicke et al. (2001) the daily fire occurrence probability is used to estimate the annual mean fire season length (N, [days/yr]), by summing fp over a year, with N updated once per year. This approach is modified in CLM-CN. N is updated every model timestep using an e-folding approximation for the annual sum of fp. This translates the annual time step from Thonicke et al. (2001) into the sub-daily model timestep of CLM-CN to account for seasonal variations in fire occurrence. The e-folding approximation is done as follows: The ntime step running mean of a variable x at the model time step i (x i ) was approximated by the following weighted sum:
For an annual running mean the number of e-folding timesteps (n) was set to the number of model time steps in a year. Following Thonicke et al. (2001) the annual fractional area burned (f annual , [fraction burned/yr]) was derived from the one-year e-folding mean fire probability (f p i ) at each model timestep i:
with s = N/365. The fractional area burned per time step in seconds t (f t ) is given as:
A2 Fire algorithm based on Arora and Boer (2005)
The fire algorithm developed for the CTEM model (Verseghy et al., 1993 ) is implemented into CLM-CN. Details on the algorithm are given in Arora and Boer (2005) . Here we describe how the algorithm was implemented into CLM-CN.
A2.1 Fire probability
Total probability of fire occurrence is estimated as the product of three scalars that represent control from biomass, moisture and ignition:
where P b takes into account that a certain biomass has to be available for burning and is represented as:
with F l =200 g C/m 2 and F u =1000 g C/m 2 and F is the aboveground biomass available for burning (combined leaf, stem, litter and coarse woody debris (cwd) pools). P m is the fire probability conditioned on the moisture (m) and expressed as follows:
m e is the moisture of extinction, defined here as 0.35 independent of fuel type. We defined m in the same way as for the Thonicke et al. (2001) algorithm as a fraction of plantavailable volumetric water content in the top 5 cm of the soil as a surrogate for fuel moisture content.
P i represents the probability of an ignition source, which can be either human or natural (lightning). Ignition due to lightning is represented using cloud to ground lightning frequency (flashes/km 2 /month) which is linearly scaled between essentially no flashes (LF low = 0.02 flashes/km 2 /month) and the maximum observed values (LF up =0.70 flashes/km 2 /month).
For the lightning frequency we used the Lightning Imaging Sensor/Optical Transient Detector product (LIS/OTD) which reports total flash rates (cloud-to-ground and intracloud flashes). We estimated the fraction of the total flash rate that can ignite a fire (cloud-to-ground flashes) by introducing a latitude dependency of the fraction of total flashes to cloud-to-ground flashes (Pierce, 1969) . The probability of the ignition by lightning is formulated as follows:
The total ignition potential (combination of natural ignition and human potential (P h )) is formulated according to:
A2.2 Area burned
The area burned is assumed to form an elliptical shape around the point of ignition defined by the fire spread rates in upwind and downwind directions as well as the length-tobreath ratio of the ellipse. To be in accordance with the daily time step used in Arora and Boer (2005) we applied an efolding approximation of the daily mean following Eq. (A2).
For the area burned calculations we exactly used the formulation given by Arora and Boer (2005) . For completeness we report them here. For details on the parameters and assumptions applied we refer the reader to Arora and Boer (2005) .
The fire spread rate in [km/h] in downwind direction is represented as:
with u max the maximum fire spread rate (0.45 km/h). The dependence on the wind speed (ws) is given by
In here g 0 is 0.1 and ws is the wind speed in [km/h]. The dependence upon the moisture is represented with h(m)
The length to breath ratio is given by:
Assuming that the downwind fire spread rate equals 0.2 the upwind fire spread rate, the total area burned in [km 2 ] is then given as:
Assuming that the fire burns on average one day, the actual potential area burned within one day can be approximated as:
with q=0.5. The area affected in a time step is then given as the product of fire probability (P ), the potential area burned (A) divided by the number of model timesteps within a day (86 400/ t)
This area burned (A burn ) is according to Arora and Boer (2005) representative for 1000 km 2 . The fractional area burned per time step t is subsequently given by:
A3 Fire emission, combustion completeness and mortality
To account for different levels of mortality associated with fire in different vegetation types and that only part of the affected biomass is combusted and released into the atmosphere, we introduced a mortality factor (mort) and a combustion completeness factor (cc) as functions of the different PFTs and fuel types considered in CLM-CN. Similar factors are defined by Arora and Boer (2005) . Thonicke et al. (2001) uses a "fire resistance" factor (1−mort), which varies among different plant functional types, but does not account for the fact that biomass is only partly combusted during a fire. In CLM-CN we modified the Thonicke et al. (2001) algorithm by adding a woody combustion completeness factor (0.2) that is applied to all woody fuel types. All other fuel types are completely combusted.
The amount of carbon released into the atmosphere for each PFT is given as:
with C=(C leaf ,C stem ,C root ,C litter ,C cwd ) being a vector of carbon concentrations in [g/m 2 ] for the different fuel types considered in CLM-CN and cc and mort being a vector of combustion completeness and mortality factors, respectively, as defined in Tables A1 and A2 . The amount of carbon killed during a fire and transferred to the litter pool for each PFT is given as:
Total carbon emission (E c ) are given as the area weighted sum over all PFTs. The same applies for nitrogen.
A4 Human influence
Humans influence fires by ignition (intentionally or accidentally) and at the same time they impact fires actively by fire suppression. To account for these effects we introduced a parametrization of the human ignition potential and fire suppression as a function of population density. Population density data were taken from the HYDE dataset for the years . Black: constant ignition probability; red: Human ignition probability; green: fire suppression; blue: unsuppressed human ignition (human ignition·(1−fire suppression)). 1850 (Klein Goldewijk, 2001 ). The population density was regridded from a 0.5 • ×0.5 • resolution to the model resolution applied in this study (1.9 • ×2.5 • ). In an initial attempt the probability for human fire ignitions is assumed to be constant globally (0.5) as done in Arora and Boer (2005) . To account more explicitly for human ignition probability we use the relationship given by Venesky et al. (2002) relating fire danger to population density (popd) in terms of interactions of humans with natural ecosystems (Fire danger =6.8·popd −0.57 ). This relationship assumes that an average person is more likely to cause a fire in sparsely populated regions, as they interact more with the natural ecosystems compared to persons living in densely populated areas. For densely populated regions we applied a lower threshold of 300 inhabitants/km 2 (pd up ). The human ignition probability is then given by:
Fire suppression will also depend on the population density. Fire suppression will more likely take place in densely populated areas were typically high property values are at risk compared to sparsely populated areas (Stocks et al., 2003; Theobald and Romme, 2007) . We parametrized fire suppression similar to Pechony and Shindell (2009) as follows:
F supp = 1. − (0.10 + exp(−0.025 · popd))
assuming that in more densely populated areas 90% of the fires will be suppressed. Fire suppression will impact natural (lightning induced) fires as well as human initiated fires. The total ignition probability is then given as: Figure A1 illustrates the human ignition probability as a function of population density. Unsuppressed human ignitions peak around 10-20 inhabitants/km 2 which is in agreement with the analysis performed by Barbosa et al. (1999) for Africa. Our parameterization of human ignition and fire suppression as a function of population density was an initial step to account for the human impact on fires in a global model. In reality, these anthropogenic impacts are much more complex. The effectiveness of fire suppression depends, for example, on how accessible a fire is to fire fighters and what fire management strategies are enforced (De Wilde and Chapin III, 2006) . Human ignition critically depends not only on population, but also on socio-economic factors (Chuvieco et al., 2008) . Higher spatial resolutions or the explicit inclusion of urban development (Jackson et al., 2010) will, for example, help to improve the representation of anthropogenic impacts. This should be explored in more detail in the future.
A5 Deforestation fires
To account for deforestation fires in CLM-CN we modified the current treatment of dynamic land cover within CLM-CN. Changes in land cover area over time were prescribed from an external dataset following the annual land cover change given by Hurtt et al. (2006) for the time period 1850-2004. Land cover change was given by an annual time series of globally gridded information about the subgrid fractional area occupied by the plant functional types (PFTs) within a grid-cell. The annual rate was equally distributed across the number of timesteps simulated in CLM-CN within a year. For the case that land cover change led to a reduction of the area occupied by a single PFT, the associated carbon and nitrogen loss was distributed into a wood production pool, paper production pool and a conversion flux. The allocation to the different pools is given in Table A3 .
For the wood product pool we assumed a residence time of 100 years, for the paper production pool we assumed a residence time of 10 years and for the conversion flux we assumed this carbon was immediately released into the atmosphere. The conversion flux has a fire component in many regions that experience favorable burning conditions. We modified the CLM-CN scheme to account for the fraction of the conversion flux that was combusted (deforestation fires) as follows:
The conversion flux is divided into a fire and non-fire related pool. For this we define a fire-scalar (fs) as a function of the annual mean fire moisture probability (P m,annual ) simulated within the fire algorithm in CLM-CN (see Eqs. A1 and A7, respectively).
We assume that in regions with a high annual mean fire moisture probability, land managers will more likely burn forest biomass during the land clearing process. The firescalar is given as: fs = fs min + max 0,min 1,(P m,annual − fp low )/ (fp high − fp low ) · (fs max − f s min )
In an initial attempt we assumed that the maximum and minimum fraction of the conversion flux (fs min ) and (fs max ) that is redirected to the fire and non-fire pool are constant globally (0.2 and 0.8, respectively). However, this ratio will also largely depend on cultural practices and is therefore likely to vary for different regions and different time periods. Low and high annual mean moisture fire probabilities (fp low ) and (fp high ) were set to 0.01 and 0.30, respectively. Annual mean moisture fire probabilities are below 0.01 for example in wet regions like northern Europe and the East coast of the USA, whereas values larger than 0.30 are simulated only in very dry regions such as Central Africa and Australia. Annual mean fire moisture probabilities slightly differed between the two fire algorithms applied in this study. However, we used the same thresholds for both.
The flux into the fire pool and non-fire pool is given as:
fire pool gain = CONV · fs (A25) non fire pool gain = CONV · (1 − fs)
with CONV being the carbon and nitrogen mass flux attributed to the conversion flux. The flux out of the fire-pool follows a rate constant, which is a function of the instantaneous fire moisture probability (P m,inst ) as simulated within the fire algorithm. Carbon in the fire-pool can accumulate over a certain time-period (τ max ) in which conditions are relatively wet and is only released into the atmosphere when conditions get sufficiently dry (Morton et al., 2008; . The rate constant which controls the flux out of the fire pool is given as: τ fire = τ min + max[0,min(1,(P m,inst − fi low )/(fi high − fi low ))] ·(τ max − τ min ) τ min and τ max are set to give a 90% loss of the initial mass of the fire-pool to be released into the atmosphere within 3 years and 1 week, respectively. fi low and fi high are set to 0.0 and 1.0. The flux out of the non-fire pool into the atmosphere is immediate (fuel wood).
The flux out of the fire pool and non-fire pool is given as:
fire pool loss = fire pool · τ fire (A27) non fire pool loss = non fire pool · 1.
with fire pool and non fire pool representing the carbon and nitrogen mass in the fire and non-fire pool, respectively. In addition to land cover change CLM-CN accounts explicitly for changes in wood harvest activity (Hurtt et al., 2006) . Wood harvest is solely related to logging and is not directly related to fires. However, wood harvest will alter the biomass available for burning and thus natural fires as well as deforestation fires (see Sect. 5.1.3).
